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Abstract. In this paper, we present JoV A a streamlined framework
that unifies joint video-audio generation and editing. While existing
methods often rely on fragmented, task-specific architectures or complex
fusion mechanisms, JoVA employs native joint representation learning
for direct video, audio, and text interaction in a dual-branch architec-
ture. This design eliminates redundant alignment modules and effectively
unifies diverse multimodal tasks within a single model. Furthermore, we
utilize channel-wise conditioning for flexible image and video reference to
avoid massive token expansion, alongside a mouth-area loss to enhance
lip alignment. To fully empower and systematically evaluate this frame-
work, we construct a comprehensive training corpus encompassing video-
audio generation and editing datasets, and introduce unified benchmarks
tailored for these multimodal tasks. Extensive experiments demonstrate
that JoVA achieves state-of-the-art performance across benchmarks, es-
tablishing it as an extensible framework for versatile content creation.
Project page: https://visual-ai.github.io/jova

1 Introduction

Recent years have witnessed a remarkable evolution in Al-driven content cre-
ation, transitioning from image synthesis to the more complex domain of video
generation. This surge has catalyzed extensive research across various specialized
directions. For instance, video generation models [6,/26,33,/58,71] have achieved
high-fidelity visual synthesis; joint video-audio generation frameworks [22}/41}/59|
have emerged to produce synchronized content; video editing techniques [415,36|
enable fine-grained visual modifications; and lip-sync methods [35],/44.[47] focus
on simulating realistic talking heads. However, these directions largely exist as
separate streams of work.

To tackle these distinct tasks, researchers typically design task-specific model
architectures or introduce complex multimodal fusion mechanisms, such as ad-
ditional cross-attention layers [22}[41}|59]. This fragmentation limits model sim-
plicity and extensibility. Recently, unified models [29,/55}/64] have demonstrated
the ability to handle multiple video tasks within a single framework. Yet, they
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Fig. 1: Overview of the JoVA framework’s capabilities. JoVA seamlessly unifies
various multimodal tasks within a single model, including text-to-video-audio genera-
tion, reference-image-conditioned generation, video editing, and joint video-audio edit-
ing. By utilizing a simplified architecture, it ensures high-quality, synchronized, and
flexible multimodal content creation.

lack the capability to output audio, rendering the generated video content less
vivid and immersive. Therefore, developing a unified model capable of seamlessly
handling diverse multimodal tasks—spanning both generation and editing across
video and audio modalities—is a highly promising yet challenging frontier.

To bridge this gap, we present JoVA, a unified framework capable of joint
video-audio generation and editing within a single model (Fig. . To realize
this architecture, we integrate pretrained video and audio models, streamlin-
ing the overall design by eliminating redundant multimodal fusion modules. In
their place, we use a native joint self-attention mechanism that concatenates
video, audio, and text tokens, enabling direct and seamless multimodal interac-
tion. This simplified configuration preserves the core philosophy of transformer
architectures and guarantees exceptional task extensibility. To handle visual ref-
erence conditions in editing tasks, we adopt a channel-wise conditioning ap-
proach, which flexibly incorporates spatial inputs without drastically expanding
the token sequence length. Furthermore, to address the challenge of lip-speech
synchronization—where the mouth region occupies a tiny fraction of the frame
(~2.3%)—we incorporate an area-specific loss during training to ensure precise
alignment without adding architectural complexity.

To endow the model with versatile capabilities, we construct a large-scale
training corpus of ~3M diverse pairs, encompassing natural video-audio scenes,
human talking videos, and complex joint editing data. For assessment, we intro-
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duce two benchmarks, JoVABench-Gen and JoVABench-Edit, and further eval-
uate our model on the public Verse-Bench [59]. Extensive experiments demon-
strate that our model consistently achieves leading performance across all tasks.
Please refer to the supplementary material for the generated video results.

In summary, our main contributions are as follows:

— We propose JoVA, a unified architecture for joint video-audio modeling. By
processing modalities through a unified representation, JoVA eliminates the
reliance on complex cross-modal fusion modules and fragmented designs,
establishing a highly extensible foundation for multimodal content creation.

— To empower this single architecture to handle a diverse spectrum of gener-
ation and editing scenarios, we construct a multi-domain training corpus of
~3M high-quality pairs. The introduced automated data synthesis pipeline
is designed to scale up the generation and editing of data.

— Extensive experiments on two introduced benchmarks (JoVABench-Gen and
JoVABench-Edit) and Verse-Bench demonstrate that our single JoVA model
achieves superior performance across diverse generation and editing tasks.

2 Related Work

2.1 Joint Video-Audio Generation

Recent advances in video generation have been driven by diffusion models transi-
tioning from UNet-based architectures [49,50| to transformer-based designs [46],
exemplified by Sora [8l{45]. This shift has spurred high-fidelity models like Wan |1}
58|, Goku |10], Waver [74], CogVideoX |71], and HunyuanVideo [33|. Beyond vi-
sual fidelity, recent post-training methods such as VGGRPO |3] introduce latent
4D geometry rewards to improve camera stability and world consistency in gener-
ated videos. Building upon this visual foundation, cross-modal generation largely
diverged into unidirectional streams. Audio-driven video methods [11}|18}19,/37|
typically rely on cascaded pipelines to animate talking heads from speech. Con-
versely, video-to-audio (V2A) approaches [12}[23}[42L|53[|60L(75] focus on generat-
ing ambient sounds for silent videos. However, these decoupled approaches often
require auxiliary synchronization modules, increasing system complexity and
limiting semantic coherence. To achieve cohesive multimodal synthesis, various
joint video-audio generation frameworks [28,40L(51L(61,/67,/76] have emerged. De-
spite the significant progress marked by large-scale models like UniVerse-1 [59],
Ovi |41], UniAVGen [73], and LTX-2 |22], most existing approaches adopt dual-
branch architectures that process modalities separately and fuse them through
explicit cross-attention. Such newly introduced alignment layers are typically
trained on much smaller multimodal corpora than the billion-scale video back-
bones, which can disturb pretrained visual priors. In contrast, JoVA abandons
complex fusion modules for native joint self-attention, reusing pretrained trans-
former parameters to process all modalities equally for precise alignment and
architectural elegance.
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2.2 Joint Video-Audio Editing

Instruction-driven video editing has advanced rapidly, with existing methods
injecting conditions via cross-attention [55], channel or sequence concatena-
tion [15,24}|36L(64], or parameter-efficient fine-tuning [43]. Yet handling com-
plex multi-task instructions in a single model remains difficult, and preserving
audio-video synchronization adds further complexity. Recent works [17}/38 /77|
employ training-free latent inversion or intricate pipelines with mask refiners
and feedback agents. Similarly, precise lip-sync methods [35}/44,/47] are typi-
cally restricted to editing only the mouth region and heavily depend on external
masks for guidance. A major drawback of these approaches is their fragmented
nature: they often require stitching together independent models and auxiliary
inputs, severely complicating the pipeline. In contrast, JoVA resolves these limi-
tations through a natively unified architecture. It utilizes joint self-attention for
multimodal interaction and channel-wise conditioning to avoid drastic sequence
expansion, while a simple area-specific loss ensures accurate lip-sync.

3 Method

3.1 Preliminary

Our framework builds upon the Waver |74] video generation model, which em-
ploys a transformer-based diffusion architecture. For video encoding, we adopt
the Wan2.1 VAE [58] to compress visual features in both spatial and temporal
dimensions. Text prompts and instructions are processed through a combina-
tion of T5-XXL [13] and Qwen2.5-32B [69] encoders to provide rich semantic
conditioning.

Following the MM-DiT architecture 16|, Waver processes multimodal inputs
through a two-stage design: an initial multi-stream stage where modalities main-
tain separate parameters, followed by a single-stream stage where all modalities
share the same parameters. Each stage consists of transformer blocks containing
self-attention and feed-forward network (FFN) modules. For a given layer, the
computation can be expressed as:

h' = SelfAttn(h) + h, h” =FFN(h')+h/, (1)

where h € RV*P denotes the input features with N tokens and dimension D.
For training, we employ the flow matching [39] framework, which provides
a simple and effective approach for generative modeling. The training objective
minimizes the difference between the predicted velocity field and the true flow
velocity:
Lyideo = Etoxoixr.c 1va(t, C, xe) — u(xe|x0, x1)]%, (2)

where ¢t ~ U[0,1], xo ~ N(0,I) is sampled noise, x; ~ ¢(x1,C) represents
training data conditioned on C (text and other modalities), x; = tx; + (1 —
t)xo defines the interpolation path, and w(xt|xo,X1) = X1 — X denotes the
corresponding flow velocity.
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Fig. 2: Overall architecture of the proposed JoVA framework. Our model na-
tively unifies video and audio generation and editing through a joint self-attention
mechanism. Complex multi-task instructions are processed via a text encoder to guide
the generation. For visual conditioning, we employ a channel-wise concatenation strat-
egy with a binary mask to flexibly accommodate reference videos or images. Conversely,
reference audio tokens are encoded and integrated into the audio branch by token con-
catenation. A localized mouth-area loss is applied to the video output to ensure lip-
speech synchronization during training, which is exclusively active for human speech
scenarios and does not affect the generation of natural scenes or ambient sounds.

3.2 Unified Video-Audio Generation and Editing

Joint Video-Audio Architecture We propose a unified framework designed
to natively handle both generation and editing tasks across video and audio
modalities. As illustrated in Fig. 2] our architecture comprises a visual branch,
an audio branch, and a shared text encoder that processes complex multi-task
instructions. Instead of relying on cascaded models or complex external fusion
networks, we seamlessly integrate these modalities into a shared transformer
backbone.

To establish robust audio generation capabilities within this single model, we
initialize the audio diffusion model by duplicating the pretrained parameters of
our video backbone. For feature extraction, we employ the MMAudio VAE
to process audio spectrograms, converting raw audio signals into compact latent
representations. Within each transformer block, tokens from the video input,
the audio input, and the instruction text are processed through a shared joint
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self-attention mechanism:
[h!;h!;hi] = JointAttn([h,; h,; hy)), (3)

where h; contains text features for both the video and audio branches. Unlike
prior methods that rely on separate cross-attention layers, our joint self-attention
mechanism allows video, audio, and text tokens to interact directly in a unified
space. It also avoids adding newly initialized alignment modules whose training
data scale is much smaller than that of the pretrained backbone. Furthermore,
to ensure precise temporal alignment between the video and audio streams, we
adopt the temporal-aligned RoPE (Rotary Position Embedding) from MMAu-
dio |12], which synchronizes the positional encodings of both modalities along
the temporal dimension.

Unified Conditioning. To accommodate editing instructions, we introduce
modality-specific conditional inputs. The integration strategies are carefully tai-
lored to the distinct sequence characteristics of video and audio modalities.

For the audio branch, alongside the noisy target audio latent, we introduce a
reference audio latent encoded via the Audio VAE to provide acoustic context.
Because the sequence length of audio latents is extremely compact—typically
accounting for less than 1% of the video token length—we can directly employ
a token concatenation strategy to integrate the reference audio. This approach
effectively provides the necessary context without incurring significant compu-
tational overhead.

Conversely, for the visual branch, directly appending reference video frames

via token concatenation would lead to a massive increase in sequence length,
resulting in prohibitive computational costs. Therefore, we employ a channel-
wise conditioning strategy guided by a binary mask. Specifically, the reference
visual input is encoded by the Video VAE and concatenated with the noisy
target video latent and a corresponding mask along the channel dimension. The
mask is set to 1 for frames where the reference is provided, and 0 otherwise
(in which case the reference channels are filled with default padding). After the
channels are concatenated, a projector layer is utilized to fuse their information.
This design not only avoids the token explosion problem but also natively unifies
image-to-video generation and video editing (flexibly accommodating reference
images as conditions) without requiring architectural modifications.
Training Objectives and Mouth-Area Loss Our unified model is opti-
mized using flow matching objectives. To ensure the model learns a wide va-
riety of acoustic patterns and human speech characteristics, the audio branch
is trained on a comprehensive mixture of large-scale text-to-audio and text-to-
speech datasets. The audio flow matching loss is defined as:

Laudio = Et,ao,al,C ||U9(t7 07 at) - u(at|aOa al)H2 s (4)

where a; represents the audio latent at time ¢, and C denotes the conditioning
information.

While the unified architecture effectively handles general video-audio align-
ment, achieving fine-grained lip-speech synchronization for human-centric con-
tent requires targeted supervision. To address this, we introduce a localized
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strategy that emphasizes the mouth region during training. We first apply facial
keypoint detection to the original video frames to localize the mouth region and
extract a bounding box. This bounding box is then mapped to the VAE latent
space through proportional spatial scaling and a sliding-window temporal down-
sampling to match the latent dimensions, yielding a precise mouth region mask
M. More implementation details are given in the supplementary material.

Our final training objective combines the general flow matching losses with
this localized supervision:

£tota1 = ACvideo + Eaudio + )\Emouth; (5>

where Lyiqeo is the standard video flow matching loss. The term Loutn applies
the flow matching objective strictly restricted to the mouth region of the video
latent:

Lmouth = Et vovi,c |vo(t, C,ve) m — u(vilvo, vi)ml® (6)

where v, denotes the video latent at time ¢, and A is a weighting coefficient.
Crucially, this mouth-area loss is exclusively applied to data containing human
speech. For natural scenes or general ambient sounds, we set A to 0, ensuring
that the generation of non-human content remains completely unaffected.

3.3 Construction of Training Data

To support unified video-audio generation and editing across diverse scenarios,
we construct a large-scale, high-quality dataset comprising approximately 3 mil-
lion (3M) video-audio-text pairs. Fig. [4] summarizes the dataset composition,
while Fig. [3] illustrates the two primary construction pipelines tailored for gen-
eration and editing tasks, respectively.

Data Construction for Video-Audio Generation. As shown in Fig. [Bf(a),
we begin with a large corpus of raw video clips. To ensure data quality, these clips
first pass through a rigorous Quality Assessment module, utilizing both Audio
and Video Assessment Models to filter out low-quality samples based on prede-
fined thresholds. The retained high-quality videos are then categorized into two
streams: videos with speech and videos without speech. For videos containing
speech, we apply a Lip-sync Filtering module to ensure tight audio-visual align-
ment, which is crucial for talking-head generation. For videos without speech, a
Speech Filter is applied to guarantee the purity of ambient sounds. Subsequently,
we employ a multimodal annotation pipeline to generate comprehensive text la-
bels. We utilize Tarsier [72] for detailed video captioning and Audio-flamingo [21]
for audio captioning. For the speech subset, Whisper [48] is additionally used
for automatic speech recognition (ASR) to extract precise transcripts. This tri-
level annotation enriches each sample with structured semantic information from
complementary visual, auditory, and linguistic perspectives.

Data Construction for Video-Audio Editing. To train the model for video-
audio editing tasks, we design an automated data synthesis pipeline (Fig. )
to construct paired source-target editing data. Inspired by the visual editing
paradigm of OpenVE [24], we adapt and extend this approach to the multimodal
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domain. Given an input video, we extract its first frame and utilize GPT-40 to
generate an Image Edit Prompt. This prompt guides FLUX.1-Kontext-dev [5]
to produce an Edited First Frame. Concurrently, GPT-4o [27] generates a Video
Edit Prompt detailing the desired temporal changes. We then extract the Canny
edge map from the input video to serve as structural guidance. The Edited First
Frame, Input Canny Video, and Video Edit Prompt are fed into Wan2.2-Fun-
A14B-Control [2] to generate the visual component of the edited video. Building
upon this visual foundation, we further construct the corresponding audio track.
We use Qwen3 [68] to generate a speech transcript, which is then synthesized
into high-quality audio using Higgs-Audio [7]. Finally, a Lip-sync module aligns
the generated audio with the visual output, resulting in the final Edited Video.
This pipeline allows us to efficiently scale up high-quality, paired multimodal
editing data.

3.4 Dataset Distribution and Details

To train JoVA effectively for both generation and editing tasks, we construct
a large-scale, diverse, and highly aligned video-audio-text dataset. As shown in
Fig. [4 the dataset encompasses approximately 3 million high-quality samples
and covers both generation-oriented and editing-oriented data.

Overview of the Training Dataset. The overall dataset is broadly categorized
into Generation Data and Edit Data, which are further divided into three main
subsets:

— Text-Video-Audio General Scenes (without Speech): This subset
comprises ~650K samples (21.6% of the overall dataset). Sourced from open-
source datasets including InternVID [63], AudioCaps [31], and VGGSound [9],
it is strictly cleaned and aligned to help the model learn correspondences be-
tween visual elements and natural environmental sounds.

— Text-Video-Audio Human Speech Scenes: This subset comprises ~1M
samples (33.2% of the overall dataset). Collected and annotated by our team,
it focuses on strong synchronization among lip movements, facial expressions,
and speech in human talking scenarios.
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Fig. 4: Detailed statistics of our video-audio-text dataset. (a) Overall dataset
composition (~3M), highlighting the proportion of Edit Data (45.2%) versus Genera-
tion Data, including General Scenes (21.6%) and Human Speech (33.2%). (b) Distri-
bution of the ~1.36M editing task samples across four task types. (c) Distribution of
the ~1.13M edit category samples, excluding reconstruction tasks.

— Video-Audio Edit Data: This subset comprises ~1.36M samples (45.2%
of the overall dataset). Derived from the human speech scenes, it is con-
structed using our automated pipeline to generate rich editing instructions
and source-target pairs, establishing the foundation for JoVA’s editing ca-
pabilities.

4 Experiments

4.1 Datasets and Evaluation Metrics

Datasets. We evaluate our method on three benchmarks. First, we introduce
JoVABench-Gen and JoVABench-Edit, two curated evaluation sets specifically
designed to assess video-audio generation and editing capabilities, respectively.
We emphasize that all 200 samples in these benchmarks undergo a strict fil-
tering process to ensure there is absolutely no overlap with our training data.
Second, to evaluate the broader generalization capabilities of our model, we em-
ploy Verse-Bench as an out-of-domain dataset. It contains 600 image-text
prompt pairs spanning a wide range of audio categories, including human speech,
animal vocalizations, instrumental music, and natural ambient sounds.

Evaluation Metrics. Following the evaluation protocol of UniVerse-1 , we
assess our model across multiple dimensions: joint video-audio quality, text-
to-speech accuracy, audio generation quality, and video generation fidelity. For
video-audio alignment, we measure lip-sync accuracy using SyncNet to cal-
culate confidence scores (LSE-C) and distances (LSE-D) only on human-speech
samples; general-scene videos are strictly excluded because these metrics tar-
get visible mouth motion. For general-scene audio-video synchronization, we
additionally report DeSync, where lower values indicate better temporal align-
ment. Text-to-speech quality is evaluated through Word Error Rate (WER) by
transcribing generated audio with Whisper-large-v3 . Video generation fi-
delity is comprehensively assessed using Inception Score (IS) [52], computed on
the generated video frames rather than the audio, for visual quality and di-
versity, Motion Score (MS) calculated from RAFT-detected optical flow,
Aesthetic Score (AS) averaging MANIQA fidelity, aesthetic-predictor-v2-5
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quality, and Musiq [30] scores, ID consistency measuring DINOV3 [54] feature
similarity between reference images and generated frames, and frame consistency
(FC) measuring CLIP similarity between consecutive frames. Additionally, we
evaluate text-video semantic consistency using ImageBind [20]| Text-Video Align-
ment (IB-TV). For audio generation, we evaluate distributional similarity using
Fréchet Distance (FD) and Kullback-Leibler (KL) divergence on PANNs [32]
and PaSST [34] features, semantic consistency via LAION-CLAP [66] scores,
and AudioBox-Aesthetics [57] measures for Production Quality (PQ), Produc-
tion Complexity (PC), Content Enjoyment (CE), and Content Usefulness (CU).

4.2 Implementation Details

Unless stated, our framework builds upon the Waver |74] 12B model as the base
architecture. We adopt a two-stage training strategy: in the first stage, we train
the audio branch in isolation on collected text-to-audio and text-to-speech data
using a batch size of 256 and a fixed learning rate of 1 x 10~ for 80K steps. In
the second stage, we perform joint video-audio generation and editing training
with a batch size of 32 and a learning rate of 3 x 1075 for 100K steps to learn
multimodal interaction. During inference, we apply classifier-free guidance [25|
with a weight of 10.0 for both video and audio generation and editing to enhance
generation quality.

4.3 Comparison with State-of-the-Art Models

On joint video-audio generation benchmarks (JoVABench-Gen and Verse-Bench),
we compare our method against two categories of approaches: (1) audio-driven
generation methods, where we use ground-truth audio to drive video synthesis
for fair comparison of conditional generation capability, including FantasyTalk-
ing [62] and Wan-S2V [19]; (2) joint video-audio generation methods, including
the recent UniVerse-1 [59|, JavisDiT [40], Ovi |41], LTX-2 |22]|, and UniAV-
Gen |73| where available.

JoVABench-Gen. Table [I] shows that JoVA achieves the best overall perfor-
mance on JoVABench-Gen. It reaches the highest LSE-C (6.70), surpassing Ovi
(6.41), LTX-2 (6.21), UniAVGen (5.87), UniVerse-1 (1.62), and the audio-driven
Wan-S2V (6.43), which validates the effect of mouth-area supervision. JoVA also
obtains strong speech, audio, and video quality, including the best FD (0.67),
CE (5.40), PQ (6.49), MS (0.97), and AS (0.48). On the shared metrics from
LTX-2 and UniAVGen, JoVA leads on LSE-C, FD, CE, PQ, MS, AS, and ID
while remaining competitive on WER, KL, CU, and PC.

JoVABench-Edit. Table [ evaluates JoVA on JoVABench-Edit. Since no di-
rectly comparable open-source baseline exists for joint video-audio editing, we
construct cascaded pipelines that combine video editing models with Diff2Lip
or Wav2Lip using ground-truth audio. These baselines therefore solve a strictly
easier conditional task, while JoVA jointly synthesizes both video and audio.
Despite this advantage, JoVA achieves the best lip-sync accuracy (LSE-C 5.88,
LSE-D 1.66) and the strongest video fidelity (IS 3.21, AS 0.47).
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Table 1: Performance comparison on JoVABench-Gen. The results of other
methods are reproduced using their official code. The audio inputs for audio-driven
models are from ground-truth audio. Missing reported metrics are denoted by “”. 1 /
J indicate higher / lower is better.

Method Audio-Video TTS Audio Video

LSE-Ct WERJ FD| KL} CSt CEf CUt PCl PQt MSt AStT IDt

Audio-driven Generation
Fantasy-Talking [62] 3.10 - - - - - - - - 0.22 0.44 0.87
Wan-S2V |19] 6.43 - - - - - - - - 0.82 0.44 0.72

Joint Video-Audio Generation

UniVerse-1 |59] 1.62 0.37 1.04 0.83 0.16 3.68 3.90 2.12 4.39 0.43 0.42 0.82
JavisDiT [40] 1.04 1.08 1.15 0.64 0.41 3.36 3.53 2.31 4.76 0.20 0.44 0.30
Ovi [41] 6.41 0.23 0.75 0.66 0.30 5.00 5.67 1.75 5.77 0.94 0.41 0.75
LTX-2 [22] 6.21 0.15 0.80 0.64 0.32 5.06 5.53 1.81 5.64 0.92 0.44 0.74
UniAVGen |73] 5.87 0.17 0.70 0.62 0.34 5.32 6.10 1.62 6.30 0.90 0.44 0.75
JoVA 6.70 0.19 0.67 0.64 0.33 5.40 6.03 1.69 6.49 0.97 0.48 0.78

JoVA does not rank first in every single metric, but it provides the best overall
trade-off. Its MS of 0.66 is close to OmniVideo+Diff2Lip (0.71), while avoiding
that pipeline’s lower lip-sync score (LSE-C 4.07). It also maintains competitive
IB-TV (0.21) and FC (0.98) without sacrificing video quality (IS/AS), showing
the advantage of avoiding error accumulation in two-stage pipelines.
Verse-Bench. On Verse-Bench (Table , JoVA remains strong across diverse
scenarios. It achieves the lowest WER (0.11), competitive LSE-C (6.65), the best
DeSync (0.16), FD (0.82), KL (1.39), CS (0.29), CE (4.47), MS (0.75), and AS
(0.49), while preserving identity consistency (0.86).

4.4 Diagnostic Study

Effectiveness of Mouth-Area Loss. We first investigate the impact of the
mouth-area loss weight A in Eq. . As shown in Table |4} increasing A from
0.0 dramatically improves lip-sync accuracy (LSE-C from 1.39 to 6.53), demon-
strating the critical role of targeted supervision on the mouth region. Without
mouth-area loss (A = 0.0), the model does not fully learn fine-grained lip-speech
alignment through joint attention alone. The optimal performance is achieved
at A = 5.0 (LSE-C: 6.70), where the model effectively balances lip-sync precision
with overall generation quality. Further increasing A to 8.0 leads to marginal
degradation (LSE-C: 6.65). Notably, audio quality metrics (WER, KL, PQ) and
AS remain stable across different A values, confirming that our mouth-area super-
vision strategy enhances lip-sync without sacrificing general audio-visual quality.
The substantial improvement from A = 0.0 to A = 2.0 (LSE-C: 1.39 — 6.53)
highlights the necessity of explicit mouth-region guidance for achieving precise
synchronization.

Comparison of Joint Self-Attention and Cross-Attention. To validate
our joint self-attention design, we compare it with three cross-attention variants
under identical capacity and training data. As shown in Fig. [5] JoVA processes
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Table 2: Performance comparison on JoVABench-Edit. As there are no directly
comparable open-source baselines, we combine video editing models with lip-sync mod-
els (Diff2Lip [44] and Wav2Lip [47]) for comparison, which use ground-truth audio as
inputs.

Method LSE-Ct LSE-D| FCt IB-TV1T IST AST MStT
Combined with Diff2Lip

Ditto |4] + Diff2Lip [44] 2.44 5.30 0.98 0.23 2.13 0.34 0.35
ICVE |36| + Diff2Lip [44] 2.45 5.35 0.99 0.18 1.72 0.36 0.30
InsViE [65] + Diff2Lip |44| 2.38 5.72 0.99 0.21 1.02 0.39 0.28
Lucy |15[ + Diff2Lip |44] 2.34 5.83 0.98 0.18 3.01 0.28 0.30

OmniVideo |55] + Diff2Lip [44] 4.07 5.50 0.98 0.19 3.03 0.35 0.71
Combined with Wav2Lip

Ditto |4] + Wav2Lip [47] 5.85 2.83 098 0.23 2.33 0.42 0.46
ICVE |36] + Wav2Lip 47| 5.54 2.50 0.98 0.15 1.55 0.41 0.32
InsVIiE [65] + Wav2Lip 47| 5.16 4.40 097 0.18 1.36 0.37 0.24
Lucy |15] + Wav2Lip |47] 5.37 3.24 098 0.19 3.01 0.34 0.53
OmniVideo |55] + Wav2Lip [47] 4.86 1.75 0.97 0.18 2.27 0.37 0.63
JoVA 5.88 1.66 0.98 0.21 3.21 0.47 0.66

Table 3: Performance comparison on Verse-Bench. The results of Ovi and Jav-
isDiT are reproduced using their official code. Missing reported metrics are denoted by
“7 1 / | indicate higher / lower is better.

Method Audio-Video TTS Audio Video
LSE-CT DeSyncl WER| FD| KL| CSt CEf CUt PCl PQt MSt ASt IDt

Audio-driven Generation

FantasyTalking [62] 2.68 - - - - - - - - - 0.07 0.42 0.87
Wan-S2V [19] 6.49 - - - - - - - - - 0.17 0.46 0.89
Joint Video-Audio Generation

UniVerse-1 [59] 1.62 0.23 0.18 1.25 270 0.16 3.53 4.61 2.49 5.20 0.20 0.47 0.89
JavisDiT [40] 0.85 0.27 1.00 0.99 1.75 0.19 3.48 5.03 249 549 0.27 0.42 0.40
Ovi |41] 6.61 0.49 0.12 0.97 2.23 0.20 3.95 5.60 2.09 6.20 0.55 0.47 0.86
JoVA 6.65 0.16 0.11 0.82 1.39 0.29 4.47 5.94 247 6.23 0.75 0.49 0.86

video, audio, and text tokens together in unified self-attention, enabling bidi-
rectional multimodal interaction while reusing pretrained transformer parame-
ters. In contrast, the sequential Ovi-style variant alternates cross-modal inter-
action, while the two parallel variants compute cross-modal attention alongside
self-attention and merge the results either with or without an additional linear
adaptation layer.

Tab. [5| shows that joint self-attention achieves the best LSE-C (6.70), WER
(0.19), PQ (6.49), ID (0.78), and matching-best AS (0.48). The low LSE-C of
the parallel cross-attention variant with linear adaptation (1.59) suggests that
the added projection can disrupt cross-modal alignment. These results validate
that unified multimodal processing is essential for high-quality, synchronized
audio-visual generation without introducing additional parameters.

4.5 Qualitative Results

Fig. [6] presents qualitative comparisons of video-audio generation quality. We vi-
sualize generated frames alongside their audio waveforms and automatic speech
recognition (ASR) results, with recognition errors underlined in red. UniVerse-1
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Table 5: Comparison of audio-video fu-
Table 4: Effect of mouth-area loss sion strategies on JoVABench-Gen. All
weight A on JoVABench-Gen. 1 / variants share the same backbone capacity,

J indicate higher / lower is better. training data, and schedule; only the cross-
modal interaction mechanism differs. 1 / |
A LSE—CT WERJ FDi KL} PQT AST indicate hlgher / IOWGI' is better.
0.0 1.39 0.17 0.67 0.63 6.44 0.48
2.0 6.53 0.18 0.67 0.62 6.47 0.46 Strategy LSE-CT WER{ PQT AST IDT
5.0 6.70 0.19 0.67 0.64 6.49 0.48 Seq. Cross-Attn. (Ovi-style) 6.51 0.24 6.25 0.48 0.75
8.0 6.65 0.18 0.68 0.63 6.40 0.47 Parallel Cross-Attn. (w/ linear) 1.59  0.29 6.31 0.46 0.74
Parallel Cross-Attn. (w/o linear) 6.57  0.28 6.14 0.47 0.76
Joint Self-Attn. (Ours) 6.70 0.19 6.490.48 0.78
Audio Tokens Video Tokens Audio Tokens Video Tokens ‘Audio Tokens. Video Tokens
| | | | | |
| = o s
Cod| | fl| T =0 ||, o o
J KN G vt ) Csaraventon ) (|| (eteauenion ) (camesenion J+*Y| Y[ cromavenion ) (seasenion ]

I I (s ] (Commin

@

FEN

Noise Prediction  Noise Prediction Noise Prediction Noise Prediction Noise Prediction Noise Prediction

(b) Our joint-attention modeling. (b) Apply cross-attention w/linear layer adaption. (¢) Apply cross-attention wo/linear layer adaption.

Fig.5: Comparison of different audio-video fusion strategies. (a) Joint self-
attention processes video, audio, and text tokens together in one layer. (b,c) Cross-
attention variants exchange information through explicit audio-video attention paths,
while text conditioning remains inside the self-attention layers.

produces incomplete speech with missing words, indicating weaker audio gener-
ation quality. Ovi shows temporal consistency issues, including sudden freezing
artifacts and mispronunciations. In contrast, JoVA generates smooth, natural
speech with accurate word pronunciation and maintains precise lip-speech syn-
chronization throughout the sequence. The aligned audio waveforms and correct
ASR transcriptions demonstrate JoVA’s superior capability in joint video-audio
generation with proper cross-modal alignment.

Fig.[7]further compares video-audio editing. JoVA better follows background,
style, and local edit instructions while preserving unedited regions, whereas base-
lines tend to introduce identity shifts, entangle unrelated attributes, or produce
incomplete edits under the same audio-conditioned setting. For background re-
placement, JoVA changes the scene while preserving the subject appearance;
for style conversion, it restores photorealism without corrupting temporal con-
sistency; for local replacement, it edits target attributes without changing the
global layout. These cases show that joint video-audio conditioning provides
stronger instruction following than cascaded editing baselines. More visualiza-
tions are given in the supplementary materials.

5 Conclusion

In this paper, we introduce JoVA, an extensible framework that unifies joint
video-audio generation and editing. Native joint self-attention eliminates com-
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Fig. 6: Qualitative comparison of speech generation and lip-sync quality.
Generated video frames with audio waveforms and ASR transcriptions. Red underlines
indicate speech recognition errors. UniVerse-1 omits words, Ovi shows freezing artifacts
and mispronunciations, while JoVA produces accurate speech with precise lip-sync
alignment.

plex task-specific fusion modules and enables direct interaction among video,
audio, and text, while channel-wise conditioning supports flexible visual editing
without prohibitive token growth. A simple mouth-area loss further improves
lip-speech synchronization for human-centric content.

To train and evaluate JoVA, we curate a comprehensive multi-domain corpus
and benchmarks. Experiments show state-of-the-art performance across genera-
tion and editing tasks, especially in multimodal alignment and generation qual-
ity. We also observe several limitations: very fast hand motion can still induce
finger artifacts in generation, and instruction-based editing does not always pre-
serve text in text-rich backgrounds. In addition, our audio-video editing cur-
rently focuses on human-speech scenes, as paired audio-video editing data for
general scenes remains difficult to obtain; this is a data limitation rather than
an architectural one, and our framework can be extended to general-scene edit-
ing once suitable data becomes available. Future work will address these issues
by expanding training diversity and broadening JoVA’s coverage of high-motion
scenes, text-rich backgrounds, and general-scene audio-video editing. JoVA es-
tablishes a strong foundation for unified multimodal content creation.

Acknowledgements. This work is supported by Hong Kong Research Grants
Council — General Research Fund (Grant No. 17211024), Hong Kong Innovation
and Technology Commission — Innovation and Technology Fund (Grant No.
ITS/488/24FP), and HKU Seed Fund for PI Research.
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Instruction: <Video Modification>: Replace the dynamic tropical beach background with the
modern kitchen setting. <Audio Modification>: There was just too much things going on and I
can't focus.. That's the problem..

(a) Background Change

Instruction: <Video Modification>: Convert this Gongbi-styled video back to a photorealistic
format, ensuring seamless temporal consistency across all frames to preserve the original

video’s smooth motion and narrative flow. Make sure the scene composition, and all narrative
elements completely unchanged. <Audio Modification>: I can't stop. We don't sleep.

Ditto  Lucy-Edit OmniVideo Source

(b) Style Change
Instruction: <Video Modification>: Replace the woman in the evening gown with a dressed
woman in a fitted grey top, maintaining the same position and pose. <Audio Modification>:
In a similar range, I don't panic. I'm Like, okay, the channel overall is still doing fine
because most of my video views, fun fact.

Source

i
A Ly

Lucy-Edit OmniVideo

Ditto

(¢) Local Change

Fig.7: Qualitative comparison of video-audio editing. We compare JoVA
against cascaded baselines (OmniVideo + Diff2Lip and Ditto + Wav2Lip, with ground-
truth audio) across background change, style change, and local change. JoVA better
follows the editing instructions while preserving unedited regions, whereas the baseline
pipelines often introduce identity shifts, attribute entanglement, or incomplete edits.
Pose differences are expected because the edited subjects are driven by modified audio
inputs.
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